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White matter microstructureFundamental to increasing our understanding of the role of white matter microstructure in normal/abnormal
function in the living human is the development of MR-based metrics that provide increased speciﬁcity to dis-
tinct attributes of thewhitematter (e.g., localﬁbre architecture, axonmorphology, andmyelin content). In recent
years, different approaches have been developed to enhance this speciﬁcity, and the Tractometry framework was
introduced to combine the resulting multi-parametric data for a comprehensive assessment of white matter
properties.
The present work exploits that framework to characterise the statistical properties, speciﬁcally the variance and
covariance, of these advanced microstructural indices across the major white matter pathways, with the aim of
giving clear indications on the preferred metric(s) given the speciﬁc research question.
A cohort of healthy subjectswas scannedwith a protocol that combinedmulti-component relaxometrywith con-
ventional and advanced diffusionMRI acquisitions to build the ﬁrst comprehensiveMRI atlas of whitemattermi-
crostructure. Themean and standard deviation of the differentmetricswere analysed in order to understandhow
they vary across different brain regions/individuals and the correlation between them. Characterising the ﬁbre
architectural complexity (in terms of number of ﬁbre populations in a voxel) provides clear insights into
correlation/lack of correlation between the different metrics and explains why DT-MRI is a good model for
white matter only some of the time. The study also identiﬁes the metrics that account for the largest inter-
subject variability and reports the minimal sample size required to detect differences in means, showing that,
on the other hand, conventional DT-MRI indices might still be the safest choice in many contexts.
© 2013 The Authors. Published by Elsevier Inc. All rights reserved. This is an open access article under the CC BY
license (http://creativecommons.org/licenses/by/3.0/).Introduction
Diffusion tensor MRI (DT-MRI) has proven to be an incredibly pow-
erful tool over recent years (Basser, 1995; Basser et al., 1994). Numerous
studies have been performed documenting the clinical utility of DT-MRI
in various brain diseases (Assaf and Pasternak, 2008) and its ability to
track speciﬁc patterns in the developing (Hüppi et al., 1998) as well as
in the ageing brain (Pfefferbaum et al., 2000). In addition, the ability
to recover voxel-wise the orientation of the ﬁbre pathways haslogy, Cardiff University, Cardiff
. All rights reserved. This is an openwidespread implications in the ﬁelds of cognitive neuroscience and
neurobiology (Ulmer et al., 2005).
To increase the anatomical speciﬁcity of DT-MRI, an approach for
obtaining ‘tract-speciﬁc’ measurements of tissue microstructure was
developed by mapping speciﬁc microstructural parameters along path-
ways reconstructed by tractography (Jones et al., 2005). However,while
anatomical speciﬁcity can be improved with this approach (compared
to voxel-wise estimates), and despite the growing popularity of DT-
MRI, the two most-widely reported indices, the fractional anisotropy
(FA) andmean diffusivity (MD) (Basser and Pierpaoli, 1996) have a no-
torious lack of speciﬁcity to different sub-components of white matter
(WM) microstructure. Axonal membranes play the primary role in de-
termining FA, but myelination also modulates FA (Beaulieu, 2002).
Moreover, the ﬁbre architectural paradigm (Pierpaoli et al., 1996) has
a huge impact, where intra-voxel orientational dispersion of ﬁbre pop-
ulations leads to a reduction in the measured anisotropy (Budde andaccess article under the CC BY license (http://creativecommons.org/licenses/by/3.0/).
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axon morphology and density will also modulate FA.
Understanding the role of WM microstructure in brain function in
health and disease demands more speciﬁc indices that tap into these
sub-components. Different approaches have recently been proposed
to disentangle the role of the ﬁber architectural paradigm from the
axon morphology. For example, the composite hindered and restricted
model of diffusion, or CHARMED (Assaf and Basser, 2005; Assaf et al.,
2004), explains the signal as the contribution of two different pools: a
hindered extra-axonal compartment and one or more intra-axonal
compartments, whose properties are characterised by a model of re-
stricted diffusion perpendicular to ﬁbre axis within impermeable cylin-
ders (Neuman, 1974). This model recovers both the ﬁbre arrangements
and distinct axon-speciﬁc parameters, e.g., the restricted fraction (RF),
sometimes interpreted as axonal density, and the intra-axonal longitu-
dinal diffusivity (IAD), holding great promise for increasing the speciﬁc-
ity of diffusionMRI. For example, CHARMED indices have been shown to
be more sensitive than DT-MRI in characterising tissue changes arising
during short term neuro-plasticity (Tavor et al., 2013).
Characterising myelin properties is also crucial for understanding
brain function, since myelin serves multiple roles, which include reduc-
ing conductive leak, reducing charging time of the axonal segment and
increasing conduction velocity. Several ways of quantifying the myelin
content using MRI have been proposed over recent years (MacKay
et al., 1994; Mehta et al., 1996; Sled et al., 2004). An approach that is
considered particularly useful, due to its efﬁciency in term of scan dura-
tion, is the multi-component driven equilibrium single pulse observa-
tion of T1 and T2, or mcDESPOT analysis (Deoni et al., 2008).
McDESPOT produces whole brain maps of the myelin water fraction
(MWF) and the intrinsic relaxation times T1 and T2 in a clinically feasi-
ble time, i.e. typically less than 10 min on most human MRI scanners.
Combining differentmicrostructural indices for a comprehensive as-
sessment of WM is at the basis of the Tractometry philosophy intro-
duced recently (Bells et al., 2011a). This method combines
macromolecular measurements from optimizedmagnetization transfer
imaging (Cercignani and Alexander, 2006), multicomponent T2 species
from relaxometry (Deoni et al., 2008) and axonal density measure-
ments from CHARMED (Assaf and Basser, 2005) along speciﬁc white
matter pathways reconstructed from diffusion MRI, providing a com-
prehensive assessment of multiple microstructural metrics.
The aim of the currentwork is to deploy the Tractometry approach in
a cohort of healthy participants and extract the mean and standard de-
viation of the different microstructural indices, in order to understand
how they vary across different brain regions/individuals, the correlation
between them and their statistical power in detecting differences be-
tween groups.
Speciﬁc goals are: 1) to create an atlas of axon-speciﬁc characteris-
tics measuring CHARMED metrics, conventional DT-MRI indices, the
myelin water fraction and the relaxation times T1 and T2; 2) to investi-
gate correlations between the differentmetrics and ﬁnd the indices that
account for the largest variability; and 3) to evaluate theminimal group
size required to detect a true difference in means at a predeﬁned prob-
ability using a statistical power analysis (Maxwell et al., 2008).
We report mean values and conﬁdence intervals of multi-variate
data for a number of major white matter fasciculi. To capture salient
characteristics of themicrostructural indices and to compare the trends
for the different tracts irrespectively of their length/width, the parame-
ters are also projected along the tract proﬁle. We explain the correla-
tions between the different metrics in terms of the underlying ﬁbre
architecture. In addition, we identify the indices that account for the
largest inter-subject variability and evaluate the minimal sample size
required to detect differences in means, with the aim of ensuring that
future studies are sufﬁciently powered to detect effects robustly. The in-
formation gained is used to speculate about the most appropriate met-
rics to be used, suggesting that DT-MRI is the best choice for
characterising white matter microstructure only some of the time.Materials and methods
Data acquisition
Seventeen healthy right-handed participants (mean age/standard
deviation = 24.2/2.8 y) were included in this study. Informed consent
was obtained prior to scanning and the study was performed with ap-
proval from the local ethics review board. MRI data were acquired on
a 3 T General Electric HDx MRI system (GE Medical Systems, Milwau-
kee, WI) using an eight channel receive only head RF coil.
TheMRIprotocol comprised: cardiac-gatedDT-MRIprotocol (TE = 87 ms,
45 gradient orientations (Jones et al., 1999), b-value = 1200 s/mm2, spatial
resolution (SR) 1.9 × 1.9 × 2.4 mm, total acquisition time (AT)
~20 min depending on the heart rate), CHARMED protocol (TE/
TR = 114/17000 ms, 130 gradient orientations distributed on 8
shells, maximum b-value = 7500 s/mm2, SR 2.4 isotropic, AT
35 min) (De Santis et al., in press), mcDESPOT protocol (spoiled gra-
dient recalled, or SPGR, acquisitions: TE/TR = 2.1/4.7 ms, ﬂip
angles = [3, 4, 5, 6, 7, 9, 13, 18°]; balanced Steady-State Free Preces-
sion, or bSSFP, acquisitions: TE/TR = 1.6/3.2 ms, ﬂip angles = [10.6,
14.1, 18.5, 23.8, 29.1, 35.3, 45, 60°], SR 2.4 isotropic, AT 10 min)
(Deoni et al., 2008), and high resolution T1-weighted anatomical
scan (FSPGR). bSSFP acquisitions were repeated with and without
180 RF phase alteration to remove SSFP banding artefacts, B0 and
B1-induced errors in the derived myelin water fraction estimates
(Deoni, 2011).
Data analysis
DT-MRI analysis was performed with ExploreDTI (Leemans et al.,
2009) to obtain FA, MD, AD and RD maps (fractional anisotropy, mean
diffusivity, axial and radial diffusivity, respectively). Whole brain
tractography was obtained for each subject in native space using
constrained spherical harmonic deconvolution (Tournier et al., 2004).
Track termination was based on a ﬁbre orientation density amplitude
threshold of 0.1.
Waypointswere then deﬁned to virtually dissect (Catani et al., 2002)
the cingulum, arcuate, uncinate, superior longitudinal, inferior longitu-
dinal, inferior fronto-occipital, fornix and thalamo-cortical fasciculi in
each hemisphere. A binary map was computed for each reconstructed
fasciculus, with the same matrix size as the FA, but taking a value of
one in each voxel intersected by a streamline, zero elsewhere.
CHARMED data were corrected for motion and distortions using a
previously-reported CHARMED-speciﬁc registration routine (Ben-
Amitay et al., 2012). An in-house program coded in Matlab (The
MathWorks, Natick, MA) was used to calculate CHARMED parameters
RF and IAD (restricted fraction and intra-axonal diffusivity, respective-
ly) according to De Santis et al. (2013). Using a model selection ap-
proach (De Santis et al., in press), the number of predominant ﬁbre
orientations present in the voxel was obtained.
SPGR and bSSFP images for each participant were corrected for mo-
tion using FMRIB's Linear Image Registration Tool (Jenkinson and Smith,
2001) to the ﬁrst acquired image; maps of MWF, T1 and T2 (themyelin
water fraction and the intrinsic relaxation times T1 and T2, respectively)
were obtainedﬁtting themcDESPOTmodel using a script coded in C++
(Deoni et al., 2008).
DT-MRI, CHARMED and mcDESPOT parameters were corrected for
partial volume effects due to CSF contamination (Bells et al., 2011b;
Pasternak et al., 2009).
Tract reconstruction and normalisation
For each subject, all the parametric maps were non-linearly regis-
tered to the T1-weighted anatomical scan using the FNIRT routine
from the FSL package (Jenkinson et al., 2012) to remove EPI distortions.
The latter was used to normalize the brain in MNI space again via non-
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parametric maps (FA, MD, AD, RD, MWF, T1, T2, RF, IAD) and to the
binarised tract maps (see below). The population mean and standard
deviation were calculated in each voxel for all parameters. For each
tract, the binary maps for each individual were overlaid and summed
to generate a probabilistic map of the tract location, which we refer to
as a tract commonality map (TCM). The TCM was thresholded at 70%
(i.e., N70% of population had a streamline passing through the voxel).
The entire set of streamlines from a whole brain tractography result of
one subject was then warped non-linearly to MNI space. Only the por-
tions of streamlines passing through non-zero voxels in the TCM for
each tract were retained for the ﬁbre atlas. The result is shown in Fig. 1.
The parametric maps were projected onto the reconstructed tracts.
To capture the salient characteristics of each tract, the parametric
mapswere also evaluated as a function of position along the tract by cal-
culating the tract proﬁle. To obtain the proﬁle, a single mean tract was
created by ﬁtting a curve in 3D to the point cloud generated by all the
coordinates of each tract taken together. The mean tract was sampled
along 100 equally spaced points and the mean of the metrics on the
planes orthogonal to the mean tract was evaluated for each step at
each point. Themean proﬁles were used to compare left and right tracts
by calculating the asymmetry along the tract as the percentage differ-
ence between left and right values for each step.Correlation between different microstructural metrics
The correlation betweenDT-MRI, CHARMED andmcDESPOTmetrics
was evaluated in 42 ROIs obtained from the intersection of the FA-
derived skeleton from the tract-based spatial statistics pipeline (Smith
et al., 2006) and standardised WM labels in standard space (Mori
et al., 2008), according to the method described in De Santis et al.
(2012). Out of the 45 ROIs used in the study, we selected ROIs 3–5, 7,
14–50 due to the incomplete overlap of the standardised WM labels
and the acquired brain volume of the CHARMED acquisition. A principal
component analysis (PCA) was applied to analyse the contribution to
the inter-subject variability of the metrics.Fig. 1. Tractography reconstruction superimposed on the normalised FA map for eight differen
(UNC) (3) the superior longitudinal fasciculus (SLF) (4), the inferior longitudinal fasciculus (ILF)
cortical (TC) tract (8).Power analysis
The sample size needed to obtain a statistical power of 0.9 at a rela-
tive effect size of 10%was also evaluated assuming that the difference in
group mean values was tested using a two-tailed Students t-test
(Szczepankiewicz et al., 2013). The sample sizewas calculated by input-
tingmean values and standard deviations, calculated for each tract, into
the formula reported in Szczepankiewicz et al. (2013). To generalise the
outcome to different experimental setups, we calculated the contribu-
tion to the total variance introduced by imaging and post-processing
noise (Szczepankiewicz et al., 2013). 200 datasets were generated
using a residual bootstrap approach and the noise variancewas evaluat-
ed as the mean variance over the different runs. A single number for
each microstructural parameter was obtained as the average over all
the WM ROIs.Results
The mean values and the associated standard deviations of the mi-
crostructural parameters are reported in Table 1. The fornix shows a sig-
niﬁcant degree of contamination from cerebro-spinal ﬂuid for all the
DT-MRI and the mcDESPOT-derived indices (i.e., abnormally low FA/
high diffusivity, low MWF and high relaxation times), but not so for
the CHARMED parameters. Consequently, this tract has been excluded
from the following analyses.
Figs. 2–4 show the tract projections of the microstructural parame-
ters. The range of the colour bar for each microstructural parameter is
chosen to be within the 5th and the 95th percentile. The proﬁles of
the asymmetry along the different tracts are reported in Fig. 5 for all
metrics. The asymmetry has different patterns for different microstruc-
tural indices, e.g., RF is the micro structural index that has the largest
asymmetry while diffusivity metrics have a more symmetric behaviour
in the two hemispheres. The asymmetry proﬁles also vary from one
tract to another. The arcuate fasciculus, for example, has very symmetric
proﬁles while the inferior longitudinal fasciculus shows considerable
asymmetry in the anterior part.t tracts: the arcuate fasciculus (ARC) (1), the cingulum (CING) (2), the uncinate fasciculus
(5), the inferior fronto-occipital fasciculus (IFOF) (6), the fornix (FX) (7) and the thalamo-
Table 1
Mean values, standard deviations (SD) and coefﬁcient of variation (CV) across individuals of the different microstructural metrics, calculated on the eight different reconstructed tracts
(data for left and right are averaged): the arcuate fasciculus (ARC),the cingulum (CING), the uncinate fasciculus (UNC), the superior longitudinal fasciculus (SLF), the inferior
longitudinal fasciculus (ILF), the inferior fronto-occipital fasciculus (IFOF), the fornix (FX) and the thalamo-cortical (TC) tract. MD, AD, RD and IAD are expressed in units of 10−3 mm2/
s. T1 and T2 are expressed in ms. CV is expressed in percentage.
ARC CING IFOF ILF SLF UNC FX TC
FA Mean 0.40 0.38 0.41 0.42 0.40 0.35 0.28 0.35
SD 0.07 0.17 0.10 0.10 0.08 0.10 0.09 0.11
CV 18 45 24 24 20 29 32 31
MD Mean 0.75 0.81 0.83 0.79 0.75 0.84 1.35 0.87
SD 0.03 0.08 0.10 0.08 0.03 0.04 0.45 0.20
CV 4 10 12 10 4 5 33 23
AD Mean 1.09 1.18 1.22 1.18 1.09 1.17 1.71 1.19
Std 0.07 0.20 0.14 0.15 0.08 0.09 0.48 0.24
CV 6 17 11 13 7 8 28 20
RD Mean 0.58 0.63 0.63 0.60 0.58 0.67 1.16 0.70
Std 0.05 0.14 0.12 0.09 0.06 0.08 0.44 0.22
CV 9 22 19 15 10 12 38 31
MWF Mean 0.20 0.14 0.15 0.17 0.21 0.11 0.06 0.12
Std 0.02 0.06 0.04 0.04 0.03 0.04 0.03 0.05
CV 10 43 27 24 14 36 50 42
T1 Mean 1187 1547 1364 1303 1175 1618 2284 1573
Std 123 367 180 188 146 244 566 382
CV 10 24 13 14 12 15 25 24
T2 Mean 35 59 47 41 35 50 129 60
Std 5 25 13 10 5 11 43 30
CV 14 42 28 24 14 22 33 50
RF Mean 0.28 0.20 0.21 0.23 0.29 0.13 0.09 0.17
Std 0.06 0.10 0.06 0.06 0.07 0.04 0.04 0.07
CV 21 50 29 26 24 31 44 41
IAD Mean 0.91 1.06 0.92 0.87 0.88 1.03 1.05 1.08
Std 0.15 0.25 0.17 0.19 0.17 0.21 0.29 0.30
CV 16 24 18 22 19 20 28 28
38 S. De Santis et al. / NeuroImage 89 (2014) 35–44Fig. 6 shows the correlation between the different microstructural
parameters. To disentangle the role of the architectural paradigm (i.e.,
the extent to which the presence of multiple ﬁbre orientations within
the voxel impacts on the microstructural parameters), the results are
colour-coded according to the number of predominant orientations in
the ROI, as obtained using the model parsimony testing framework de-
scribed elsewhere (De Santis et al., in press). Hence, red indicates a sin-
gle ﬁbre population (SFP), blue indicates multiple ﬁbre populations
(MFP).
In some cases, the extent to which two metrics were signiﬁcantly
correlated (p b 0.05) depended on whether there was a single ﬁbre
conﬁguration or a more complex architectural paradigm. The following
pairs of metrics were only signiﬁcantly correlated in SFP conﬁgurations:
FA/MWF, FA/T1, MD/RD, AD/T1. In contrast, the following pairs ofFig. 2. FA, MD and ADmaps projected onto the remetrics were correlated at the p b 0.05 level irrespective of whether
the voxels contains SFP or MFP conﬁgurations: FA/AD, FA/RD, FA/RF,
MD/T2, AD/RD, AD/T2, AD/RF, RD/RF, MWF/T1, MWF/RF, T1/RF. In
some pairs belonging to the second group, the ﬁbre conﬁguration still
has an impact on the strength of the correlation, i.e., the correlation be-
tween FA/RF and AD/RF becomes highly signiﬁcant (p b 0.001) when
only SFP regions are considered. In order to highlight the crucial results
of the present study, the correlations between FA, RF andMWF are also
reported in Fig. 7.
A PCA was used to analyse the contribution of each metric to the
inter-subject variability (Fig. 8). The principal component (PC) that ex-
plains the largest part of the variability comprisesmostly FA, RF and RD.
The largest contribution to the second PC is given by T1while diffusivity
measurements (MD and IAD) play a role in the third PC.constructed left and right tracts, respectively.
Fig. 3. RD, MWF and T1 maps projected onto the reconstructed left and right tracts, respectively.
39S. De Santis et al. / NeuroImage 89 (2014) 35–44Fig. 9 shows the sample size needed to obtain a statistical power of
0.9 at a relative effect size of 10%. The cingulum and the uncinate fascic-
ulus are the tracts that require more subjects to detect subtle difference
between means. Amongst the microstructural parameters, MD and T1
are the ones that require the smallest sample size. FA, T2, RF and IAD re-
quire the largest sample size. MWF requires variable sample sizes, de-
pending on the speciﬁc tracts: the arcuate fasciculus and the inferior
longitudinal fasciculus needmuch less subjects than the others to detect
the same effect size. Table 2 reports the contribution of imaging and
post-processing noise to the total variance. This allows one to use previ-
ously reported ﬁndings (Szczepankiewicz et al., 2013) to generalise the
sample size to arbitrary experimental setups.
Discussion
In this paper, we report the ﬁrst atlas of WMmicrostructure in stan-
dard space that includes not just DT-MRI indices, but also the axonal
density, intra-axonal diffusivity, myelin water fraction and the number
of ﬁbre populations within the voxel to reach the comprehensive as-
sessment of WMmicrostructure that characterises the Tractometry phi-
losophy (Bells et al., 2011a). The atlas comprises mean and standardFig. 4. T2, RF and IAD maps projected onto the recdeviation of the microstructural indices for the major association, pro-
jection and commissural pathways, and their asymmetry proﬁles
along each tract.
Despite the fact that all metrics were corrected for partial volume
contamination, the fornix still shows a signiﬁcant degree of contamina-
tion from cerebro-spinal ﬂuid for all the DT-MRI and the mcDESPOT-
derived indices, but not so for the CHARMED parameters, suggesting
that partial volume effects are encapsulated in the hindered part of
themulti-compartment ﬁt, while the results for the restricted compart-
ments reﬂect true axonal features.
We investigate variance and covariance of the multivariate data to
study correlations between the microstructural measures and ﬁnd the
parameters that account for the largest variance. To prove the robust-
ness of the approach, the correlation analysis was not only performed
within the whole brain skeleton, but also repeated within the entire
WM volume as deﬁned and parcelled by Mori et al. (2008), showing
similar results (data not shown). The correlation analysis gives insight
about the inﬂuence of the ﬁbre architectural paradigm on themeasured
biomarkers. While FA is clearly dependent on the number of main ﬁbre
orientations in the voxel (Budde and Annese, 2013; Pierpaoli and
Basser, 1996), so that ﬁbre dispersion lowers the FA, the restrictedonstructed left and right tracts, respectively.
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40 S. De Santis et al. / NeuroImage 89 (2014) 35–44fraction (RF) shows independence, and hence provides a more direct
measure of interesting microstructural properties. The correlation be-
tween FA and RF is higher when only SFP regions are considered
(r = 0.49, p b 0.05 versus r = 0.77, p b 0.001), while regions
characterised by ﬁbre dispersion cluster in the high-AD/low-FA area of
the plot. Accounting for the number of ﬁbre populations also allows bet-
ter interpretation of the correlation between FA andMWF, which is sig-
niﬁcant when only single ﬁbre population regions are selected
(r = 0.35, p b 0.05). This is in agreement with, and helps explaining,
previously published results. For example, Mädler et al. (2008) found
some degree of linear correlation between DT-MRI and relaxometry
measures in structure characterised by coherent ﬁbre orientation, butreported deviation from linearity in disorganised bundles characterised
by multiple ﬁbre crossings.
Interestingly, the radial diffusivity, which is often considered as an
index of myelination (Janve et al., 2013; Song et al., 2005), did not cor-
relate signiﬁcantly with MWF. This lack of correlation in the human
datasets reported here may be explained by the architectural paradigm,
as most of the previous studies linking the radial diffusivity with
myelination were performed in the rodent models, where the white
matter follows a simple architectural paradigm, or in very homoge-
neous ﬁbre systems. The fact that FA correlates well with MWF
(which has previously been validated against histological markers of
myelin) only when SFP conﬁgurations are considered is an extremely
RF DAIFWM T1 T2
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Fig. 6. Correlation between the different microstructural metrics. Grey boxes indicates non-signiﬁcant correlation. One asterisk indicates p b 0.05 while two asterisks indicate p b 0.001.
The correlations are calculated on 42 ROIs obtained from the intersection of the FA-derived skeleton from the tract-based spatial statistics pipeline. Each dot is colour-coded according to
the number of predominant orientations in the ROI: red indicates a single ﬁbre orientation; blue indicates more than one predominant orientations.
41S. De Santis et al. / NeuroImage 89 (2014) 35–44important result for interpreting previous studies. If it were the case
that cognition/symptomatology were dependent on myelination, then
our ability to detect changes (or individual differences) in myelin,
using FA,would behighly dependent on the localﬁbre architecture. Cor-
relations will be most likely found in the simplest ﬁbre architectures,
and less so in complex ﬁbre arrangements. This potential source of het-
erogeneity in the ability to detect differences in FA, or in the ability to
detect correlations with FA, is not discussed in literature. RF has the
highest correlationwithMWF for both single andmultiple ﬁbre popula-
tions (r = 0.76, p b 0.001 for SFP and r = 0.81, p b 0.001 for all the re-
gions). There is no signiﬁcant correlation between MD and IAD, nor
between AD and IAD, but regions of high ﬁbre dispersion have consis-
tently lower MD/AD. RF is negatively correlated with MD (r = −0.31,Fig. 7. Correlation between FA and RF (panel a), FA andMWF (panel b), FR andMWF (panel c)
asterisks indicate p b 0.001. The results are colour-coded according to the number of predomina
one predominant orientations.p b 0.05) and positively correlated with AD (r = 0.34, p b 0.05 and
r = 0.71, p b 0.001 for SFP regions). IAD andRF are insteadnot correlat-
ed and ROIs with more than one ﬁbre, characterised by high RF are
spread homogeneously along the IAD axis. This suggests that IAD may
be a more speciﬁc measure of axonal properties in that it does not de-
pend on the density of axons, nor on their spatial arrangement. The
lack of correlation between intra and extra-axonal diffusivities can be
interpreted as evidence of the fact that, to assume that intra- and
extra-axonal diffusivities are the same, one has to effectively assume
that the axon is an empty cylinder placed inside an empty space, but
this is clearly not the case. This outcome is in agreement with the kurto-
sis literature, that reported non-zero kurtosis values parallel to the ﬁ-
bres (Hui et al., 2008), most likely due to the intra-axonal diffusivity(zoom of three elements of thematrix in Fig. 6). One asterisk indicates p b 0.05 while two
nt orientations in the ROI: red indicates a singleﬁbre orientation; blue indicatesmore than
Fig. 8. Principal component analysis of the inter-subject variability in differentmicrostruc-
tural indices. Columns represent the principal components while rows correspond to the
factor loadings of the different microstructural indices. Blue squares indicate that the fac-
tor contributes to the variability more than it would if each factor had equal weight.
Table 2
Noise variance (NV) of the micro structural indices calculated using a residual bootstrap
approach. MD, AD, RD and IAD are expressed in units of 10−3 mm2/s. T1 and T2 are
expressed in ms.
NV
FA 0.08
MD 0.02
AD 0.03
RD 0.09
MWF 0.02
T1 87
T2 4
FR 0.02
IAD 0.15
42 S. De Santis et al. / NeuroImage 89 (2014) 35–44and extra-axonal diffusivity having different values, for example be-
cause of the presence of oligodendrocytes and other cells in the extra-
axonal space.
Myelin content and T1, as well as myelin content and the relaxation
rate R1 = 1/T1 (data not shown), are highly correlated. This is consis-
tent with previous reports in the literature (Lee et al., 2012; Lutti
et al., 2013).
Disentangling the different contributions to the measured diffusion
properties is vital to increasing the speciﬁcity of diffusion MRI in health
and disease. Advanced, multi-compartmentmodels of the diffusion sig-
nal, such as the CHARMED model (Assaf et al., 2004) and multi-
component relaxometry approaches (Deoni et al., 2008) used here
have the ability to move beyond the limitations of the single tensor
model and tease apart the architectural paradigm, by ﬁtting more than
one ﬁbre population per voxel, and morphological parameters like the
intra-axonal diffusivity and the axonal density. Both these parameters
are independent of the local ﬁbre architecture and not mutually corre-
lated. Conversely, DT-MRI indices are both strongly dependent on the
ﬁbre architecture and mutually correlated, making it difﬁcult to inter-
pret a change in themeasured values over time, or a difference between
groups (De Santis et al., in press).Fig. 9. Tract-averaged sample size needed to obtain a statistical power of 0.9 at a relative
effect size of 10%.While there is almost certainly a strong reporting bias in the litera-
ture, in that negative results are less frequently reported (Rosenthal,
1979), a point that needs to be addressed is why DT-MRI metrics such
as FA have proven to be so useful in separating diseased from healthy
brains, or explaining individual differences in brain function, despite
our ﬁndings here about the general lack of correlationwithmore specif-
ic microstructural indices of WM subcomponents. It is clear from Fig. 7
that in cases where there is a single ﬁbre population, then FA (for exam-
ple) does a reasonable job of indexing axonal density (r = 0.77,
p b 0.001), and provides moderate correlation with myelination met-
rics (r = 0.35, p b 0.05). If investigators happen to study a cognitive
process that relies on a pathway that contains predominantly a single
ﬁbre population, or a disease happens to have foci in areas where
there are substantial portions of the tract for which voxels contain just
a single ﬁbre population, then modulations to axonal density and/or
myelination could well be detected with DT-MRI-based metrics. This
could explain the reported utility of DT-MRI to date. However, on the
ﬂip-side, the prevalence of multiple ﬁbre populations within a voxel is
very high, with estimates as large as 90% of voxels (Jeurissen et al.,
2012) which, on the basis of the present ﬁndings, clearly presents a
problem for wide-spread use of DT-MRI metrics.
A strong correlation between indices of myelination (myelin water
fraction) and axon density (restricted volume fraction) suggests that
these measures are closely linked and is in agreement with previous
ﬁndings (Takahashi et al., 2002). Crucially, as seen in Fig. 7, the correla-
tion between the axon density and myelin water fraction is rather in-
sensitive to whether there is a single ﬁbre population or whether
there is a more complex conﬁguration. Several studies have suggested
that conduction is optimized when the ratio of the inner to outer diam-
eter of the axon, also referred to as the g-ratio, is ﬁxed (at around 0.6)
(Paus and Toro, 2009; Rushton, 1951), implying that axon and myelin
characteristics should be strongly correlated. The CHARMED model as-
sumes a ﬁxed distribution of the axonal diameter for the whole white
matter, but variability exists amongst different brain areas (Alexander
et al., 2010). The axonal diameter is expected to play a role in modulat-
ing FA, but simulations show that its contribution is only marginal,
given the range of axonal radii commonly found in humanwhitematter
(Dell'acqua et al., 2012; Ford et al., 1998).
The correlation analysis was also repeated within each tract (data
not shown), conﬁrming that in areas of predominantly coherent ﬁbre
orientation DT-MRI indices and CHARMED both correlate with the my-
elin content.
Principal component analysis indicates that themetrics that account
for the largest variability in the data are those proportional to the
amount of restricted signal like FA, RD and RF. The longitudinal relaxa-
tion time, proportional to themyelin content inWM, is important in de-
termining the second PC while the metrics proportional to the
magnitude of the diffusivity (MD and IAD) affect the third component.
When very limited experimental time is available, and when there is
no a priori information about themicrostructural index that is sensitive
to the investigated condition, this analysis suggests that FA or RF should
43S. De Santis et al. / NeuroImage 89 (2014) 35–44be prioritized, as these metrics determine the ﬁrst PC that alone ac-
counts for over one third of the total variability.
Finally, we infer the sample size needed to detect differences be-
tween groups, in order to ensure that future studies are sufﬁciently
powered to detect effects robustly. Different WM tracts are
characterised by speciﬁc patterns of microstructure, and they also re-
quire different sample sizes when looking for differences between two
groups, as shown in Fig. 5. The results, in agreement with
Szczepankiewicz et al. (2013), clearly indicate that despite the lack of
speciﬁcity of DT-MRI derived indices, DT-MRI requires smaller sample
sizes than the other more advanced metrics, and may therefore be the
best choice for clinics, at least when the investigator is only interested
in detecting the effect. On the other hand, the same biological phenom-
ena can have different effect sizes depending on the indices with which
the effect is measured: e.g., tissue changes arising during short term
neuro-plasticity produce a 1.5% change in MD and a 5% change in RF
(Tavor et al., 2013). Such considerations are important and help in the
debate over current (and future) utility of non-tensor metrics in the
clinic. The calculation of the sample size presented in thiswork is clearly
dependent on the SNR of the experimental setup used, but can be easily
expended by accounting for different setups using the formula calculat-
ed by Szczepankiewicz et al. (2013).
Conclusions
In summary, we have constructed an atlas of keywhitematter path-
ways in standard space, reporting mean and standard deviations of tis-
sue microstructural indices. By analysing statistical properties of the
WMmetrics, we draw the following conclusions:
1) multi-compartment models provide more speciﬁc measures of axo-
nal properties that are far less dependent on the architectural para-
digm than DT-MRI-based metrics
2) the correlation between myelin and diffusion metric is better ex-
plained when accounting for the presence of multiple ﬁbres within
a voxel
3) the metrics that account for the largest variability in the data are
those proportional to the amount of restriction within the voxel,
and may be preferred when very limited scan time is available
4) on the other hand, if the investigator is only interested in detecting
the effect, MD is the metric that needs the smallest sample size to
successfully detect differences between groups.
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